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Introduction
The notion that the cross-section of stock returns can be driven by behavioral considerations has taken increased impetus in recent years. While early empirical studies by Black, Jensen, and Scholes (1972) and Fama and MacBeth (1973) suggest a significant positive cross-sectional relation between security betas and expected returns, supporting the capital asset pricing model (Sharpe (1964) , Lintner (1965) , and Mossin (1966) ), more recently, Fama and French (1992) find that the relation between return and market beta is insignificant.
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This calls into question the empirical importance of links between risk and expected returns.
On the importance of characteristics other than those directly related to risk-return models, the body of evidence is quite substantive. The landmark study by Fama and French (1992) finds that size and the book/market ratio strongly predict future returns (returns are negatively related to size and positively to book/market). Fama and French (1993) provide evidence that a three-factor model based on factors formed on the size and book-market characteristics explains average returns, and argue that the characteristics compensate for distress risk. But argue that, after controlling for size and book/market ratios, returns are not strongly related to betas calculated based on the Fama and French (1993) factors 1 Internationally, Rouwenhorst (1999) finds no significant relation between average return and beta with respect to the local market index. Tests of the consumption-based capital asset pricing model (Breeden (1979) ) have also led to inconclusive results; see, for example, Hansen and Singleton (1983) . Jagannathan and Wang (1996) find a modest positive relation between conditional beta and expected returns when the market is expanded to include human capital.
(see, however, Davis, Fama, and French (2000) for a contrary view).
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More recently, Daniel and Titman (2006) argue that the book/market effect is driven by overreaction to that part of the book/market ratio not related to accounting fundamentals. The part of this ratio that is related to fundamentals does not appear to forecast returns, thus raising issues about the distress-risk explanation. Brennan, Chordia, and Subrahmanyam (1998) find that investments based on book/market and size result in reward-to-risk ratios which are about three times as high as that obtained by investing in the market. These seem too large to be consistent with a rational asset pricing model. 3 On balance, it seems reasonable to assert that the evidence on the predictability of returns from book/market ratios at least partially supports non-risk-based (i.e., behavioral)
explanations. Thus, Daniel, Hirshleifer, and Subrahmanyam (2001) suggest that overconfidence induces overreaction, and that extreme book/market ratios represent overreactions to extreme private signals which are later corrected. Similarly, Barberis, Shleifer, and Vishny (1998) suggest that naïve extrapolation from past growth causes stock prices to overreact and reverse, resulting in return predictability from fundamental/price ratios.
2 Ferson and Harvey (1999) find that book/market and the Fama-French loadings are both relevant for determining expected returns in the international context. 3 Given the Euler equation for the representative investor, as Hansen and Jagannathan (1991) point out, a high Sharpe ratio implies highly variable marginal utility across states. Moreover, the returns of small and high book/market stocks would need to covary negatively with marginal utility. This implies that the returns would need to be particularly high in good times when marginal utility is low and vice versa. Lakonishok, Shleifer, and Vishny (1994) do not find any evidence that this is true, and they show that the return performance of glamour stocks (measured by high price/fundamental ratios such as market/book) is not impressive and value stocks do better.
The objective of this paper is to shed empirical light on the microstructure of return predictability from book-to-market ratios. We start by observing that while a lot of research has focused on documenting the importance of the book/market ratio in the cross-section of expected stock returns, relatively little is known about the process by which stocks come to achieve high or low book/market ratios in the first place. For example, given that book/market ratios involve the market price, which is an equilibrium outcome of interactions between market participants, what patterns in trading activity are associated with changes in book/market ratios? Thus, are shifts in book/market ratios associated with the trading of large or small traders? Answers to such questions may shed light on the source of the book/market effect as well.
We analyze the relation between order imbalances and yearly shifts in book/market ratios.
Our paper fits into the general increase in interest on trading activity and its relation to prices and volatility (see, for example, Chan and Fong (2000) , and Chordia, Roll, and Subrahmanyam (2002) ). Part of the interest has likely been driven by the theoretical link between returns and order imbalances, manifested in canonical models of market microstructure. For example, the well-known Kyle (1985) model of price formation relates price changes to net (pooled) order flow. Similarly, the dynamic inventory models of Ho and Stoll (1983) and Spiegel and Subrahmanyam (1995) also study how order flows cause price movements as market making agents accommodate buying and selling pressures from outside investors. Finally, Odean (1998) analyzes the relation between the actions of overconfident agents and trading activity. All of these papers suggest a strong link between prices and order flows and this is the link we seek to exploit in the context of our paper.
Specifically, we consider order flow patterns in stocks that experience large changes in book/market. We perform our investigation by calculating order imbalances and relating these to stocks that are stratified annually by the extent of change in their book/market ratios (BMRs).
To perform the analysis, we first estimate daily buy and sell trades for each of a comprehensive sample of NYSE and Nasdaq stocks for a long time-period spanning more than twenty years.
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Using data from the Institute for the Study of Security Markets and the Trades and Automated
Quotations database provided by the NYSE, we sign trades in each stock in our sample using the Lee and Ready (1991) algorithm. We then calculate measures of the monthly order imbalance in each stock using the dollar quantity bought or sold. In the end, we have measures of the monthly order imbalance for each company in our sample. We further stratify the imbalance into that emanating from small orders (less than 500 shares) and large orders (the complementary set.)
Our analysis indicates that small order imbalances are more strongly associated with BMR changes than large order imbalances. The finding that large order imbalances do not appear to play a big role in BMR shifts suggests that the trading activity related to such shifts are caused by the actions of the small, relatively unsophisticated retail investors. Supporting this point of view, we also find that stocks experiencing extreme changes in BMR are, if anything, more liquid (have lower bid-ask spreads) than other ones, suggesting that market makers do not view the trading activity accompanying BMR shifts as emanating from informed trades. 4 Our sample size of 23 years compares favorably with Fama and French's (1992) analysis of a 27-year sample (1963 to 1989) .
We run predictive return regressions that interact indicator variables corresponding to BMR sorts with small and large trade imbalances. We find that order flows play a crucial role in predicting returns from BMRs. Specifically, return predictability is stronger in stocks experiencing large increases in BMR and strong net selling by way of small orders. This suggests that stocks that experience BMR increases and show evidence of pronounced negative sentiment of small traders tend to experience return reversals. We do not find a symmetric effect for BMR decreases. This may be due to the fact that overvaluation due to excessive net buying requires short-selling to be corrected, which is costly.
For stocks that experience large BMR increases, we find that small investor imbalances are strongly and positively associated with the part of BMR that is unrelated to changes in book values. This suggests that the role of imbalances in return predictability from BMRs may arise from small investor reactions to ambiguous information.
In work that is similar to ours, Hvidkjaer (2006) conducts an analysis of momentum using order flows. Our focus is specifically on the value/growth effect, whereas he focuses on momentum. In other work, Hvidkjaer (2005) and Barber, Odean, and Zhu (2006) consider the relation between small trades and stock returns but do not focus on the interaction between the book/market effect and order flows. Finally Phalippou (2005) considers the relation between institutional ownership and the book/market effect in returns but does not focus on order flows. This paper is organized as follows. Section 2 provides a simple analytical framework for our study. Section 3 describes the data, and Section 4 describes the empirical results based on summary statistics. Section 5 provides the results of regression analyses involving return predictions. Section 6 concludes. Proofs appear in the appendix.
Theoretical Motivation
We begin by providing an equilibrium framework which motivates our empirical study to follow. We consider agents with varying degrees of overconfidence who invest in a risky asset.
The asset trades in periods 0 and 1 and pays off a random amount
quantity F is public knowledge, whereas θ is random. The supply of the risky asset is a random variable X .
There are two categories of agents (each with unit mass) who trade the asset. These categories are labeled 1 and 2. Both agent categories observe the same signal ε θ + at date 1. At date 0, no information is received by agents, and hence the price of the asset is non-stochastic.
The variablesθ , ε , and X are mutually independent, multivariate normally distributed variables with a mean vector of zero and variances θ ν , ε ν , and X ν , respectively.
Both classes of agents are overconfident and underassess the variance of noise in the signal (as in Odean (1998) and Daniel, Hirshleifer, and Subrahmanyam (1998) 
where P is the market price, ) /( Note that the market-clearing condition is simply The following lemma obtains directly from substituting for agents' demands into the market-clearing condition and solving for the market price.
Lemma 1 The equilibrium price is given by
It can be seen that the equilibrium price depends on the level of overconfidence of both classes of agents as well as their risk aversions. In our model, the book-to-market ratio of the asset, denoted by BMR, can be interpreted as equaling P F − , because F is the unconditional mean of the asset that can be construed as the book value of the asset (see Daniel, Hirshleifer, and Subrahmanyam (2001) The intuition for the preceding result is simple. Overconfidence causes agents to overreact to the signal in equilibrium. The subsequent correction manifests itself as a book-to-market effect.
Other results of interest are the following. Thus, the agent class with a large level of risk aversion trades less and thus has a smaller expected order size. Further, overconfidence promotes a greater correlation of order imbalance with the book/market ratio. Note from Eq. (2) that risk aversion tends to reduce order size and overconfidence tends to increase it. Further, overconfidence tends to promote the correlation of the market-to-book ratio with order flow. It can easily be verified that under a wide range of parameters, an agent class may have smaller expected order size as well as greater correlation of its order flow with the market-to-book ratio. For example, consider the parameter set where R 1 =1, R 2 =0.1, v c1 =.5 and all other parameters are unity. In this instance, the first class of agents is more risk averse and more overconfident that the second class (indeed, the second class is rational). Here, the expected order size of trader class 1 is 41% smaller than that of trader class 2 and the respective correlations between the order flow and the market-to-book ratios for classes 1 and 2 are 0.93 and 0.39, respectively. The first class of agents correspond to the individual investors in our setting, who trade small orders but whose order flow has a stronger relation to changes in the market-to-book ratio than that of investors who trade large orders.
It is interesting to consider the correlation of order imbalance of the two classes of agents with the future return P − θ . It turns out that this correlation can be positive or negative. The aspect that agents have fundamental information tends to induce positive correlation between demand and future returns. Overconfidence, on the other hand, tends to lead to aggressive trading and this tends to induce negative autocorrelation (as in the parameter set considered above). It is shown in the Appendix, however, that if the level of overconfidence of a class of agents is sufficiently low (i.e., their assessed variance ofε is sufficiently high), the correlation between their signed demand and future returns may be positive.
In our data analysis to follow, we explore these ideas further. The result in Proposition 1 has already been demonstrated in the empirical literature (e.g., Fama and French (1992) ). Our framework suggests a relation between shifts in book/market ratios and order size. The data analysis considers changes in book/market ratios rather than levels; however, this can easily be interpreted in the context of our model by noting that at date 0, the book/market ratio is non-stochastic, so that the correlation in Part 2 of Proposition 2 also applies to the change in the date 1 book/market ratio relative to that in date 0.
Our specific empirical implementation is to investigate the relation between changes in book/market ratios and order imbalances emanating from large and small traders. As we will see, it is the imbalance pattern from small trades that mimics cross-sectional patterns in book/market fluctuations, and this is consistent with the notion that small traders are more risk averse and more overconfident than large traders. We also show that order flows from small traders have implications for return predictability from book/market ratios.
Data
Our sample includes all common stocks listed on the NYSE and the Nasdaq market.
The NYSE sample extends from January 1983 to December 2005, while the Nasdaq sample includes the period beginning January 1, 1993 and ending December 31, 2005. 5 We obtain data from various sources. Returns and market values are extracted from the CRSP database, while the book value of equity is calculated using the Compustat database. We follow Fama and French (1992) in calculating the book value of equity. 
Inclusion Requirements
Stocks are included or excluded depending on the following criteria:
1 To be included in any given year, a stock had to be present at the beginning and at the end of the year in both the Center for Research in Security Prices (CRSP) and the intraday databases.
2
We exclude a stock in particular year if it has a negative book value for the year. If a firm changed exchanges from Nasdaq to NYSE during the year (no firms switched from the NYSE to the Nasdaq during our sample period), it is dropped from the sample for that year.
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Since their trading characteristics might differ from those for ordinary equities, assets in the following categories are also expunged: certificates, American Depositary Receipts, shares of beneficial interest, units, companies incorporated outside the U.S., Americus Trust components, closed-end funds, preferred stocks and Real Estate Investment Trusts.
Next, intraday data are purged for one of the following reasons: trades out of sequence, trades recorded before the open or after the closing time, and trades with special settlement conditions (because they might be subject to distinct liquidity considerations). Our preliminary investigation revealed that auto-quotes (passive quotes by secondary market dealers) were eliminated in the ISSM database but not in TAQ. This caused the quoted spread to be artificially inflated in TAQ. Since there is no reliable way to filter out auto-quotes in TAQ, only BBO (best bid or offer)-eligible primary market quotes are used in calculating imbalances. Also, quotes established before the opening of the market or after the close were discarded. Negative bid-ask spread quotations, transaction prices, and quoted depths were discarded. Quoted or effective spreads greater than $5, or effective spreads which are greater than 4 times the quoted spread, are discarded as well.
Imbalance and Return Data
We sign trades using the Lee and Ready (1991) procedure: if a transaction occurs above the prevailing quote mid-point (based on the quote prevailing at least five seconds before the trade), it is regarded as a purchase. Correspondingly, transactions occurring below the prevailing quote mid-point are identified as sales. If a transaction occurs exactly at the quote mid-point, it is signed using the previous transaction price according to the tick test (i.e., buys if the sign of the last non-zero price change is positive and as a sale if the last non-zero price change is negative). For each stock we then define Order Imbalance (OIB), the estimated monthly buyer-initiated minus seller-initiated dollar volume of transactions scaled by the total dollar volume. 6 We recognize that our algorithm generally allows us to sign only market orders, so that our net imbalance measures the aggregate demand of agents that require immediacy. While this caveat is worth mentioning, we believe that the standard microstructure paradigm is of patient market makers (which include limit order traders) who absorb the demands of traders that have relatively urgent needs to trade.
As per Chan and Fong (2000) and Barclay and Warner (1993) , who categorize orders less than 500 shares as small orders, we calculate small order imbalance, which consists of order imbalance for orders of 500 shares or less, and large order imbalance that consists of order imbalances for orders greater than 500 shares. Buy and sell order volume, for small and large orders separately, is calculated daily, and then aggregated into a monthly order imbalance measure by dividing the difference between dollar values of buys and sells by the total dollar values of buys and sells for a month.
In our order imbalance analysis, we recognize that some stocks might have a naturally high level of interest from investors, or might be easier to short. For instance, the larger, more prominent stocks tend to be more visible. Nagel (2005) also suggests that stocks in the S&P 500 index are more likely to be held by passive investors and are hence likely to face lower short-selling constraints. We adjust for these aspects by calculating abnormal order imbalances. For this purpose, we first calculate the logistic transformations of the large order imbalance and the small order imbalance for a particular month. The logistic transformations follow three steps. First, we create a variable that ranges between 0 and 1 by adding 1 to the imbalance and dividing the result by 2. Then, we limit the range of values to lie between 0.0001 and 0.9999 by replacing any values outside the range by the endpoints. Finally, we compute log (X/(1-X)), where X is the variable created above.
Our transformed OIB variable has the advantage of ranging between positive and negative infinity making it more suitable for use in our analysis. The abnormal imbalances are then calculated as the residual of the monthly cross-sectional regressions of the transformed variable on the market value of equity at the beginning of the month and membership in the S&P 500 index.
Basic Empirical Results

Preliminary Statistics
We sort stocks each year by changes in their book/market ratios relative to the one three years ago. 7 These ratios are calculated at the end of a calendar year by dividing the book value of equity, calculated using the Compustat data (similar to Fama and French (1992) ), by the year ending market value of equity extracted from the CRSP data. While book/market shifts can occur either due to changes in the numerator or in the denominator, we do not consider this issue at this point in our analysis. Our main goal is to understand the connection between order imbalance and shifts in the ratio, taken as a whole. This is because it is the ratio that has been the focus as a predictor of returns.
8 Table 1 presents summary statistics for BMR, firm size (i.e., market capitalization as of the end of the year), and BMR changes for groups representing BMR declines (lowest 30% of 3-year BMR changes in a year), BMR increases (highest 30% of 3-year BMR changes in a year) and the remaining group of intermediate BMR changes (middle 40% of 3-year BMR changes in a year). The percentage cutoffs for the three BMR groups accord with those of Fama and French (1993) . 9 We consider these subgroups stratified by BMR changes because owing to short-selling constraints, it is possible that misreactions involving shorting (e.g., overreactions to negative information) and short arbitrage activity to correct those misreactions (such as overreaction to positive signals) may be more discernible in the extreme groups with large BMR shifts in either direction.
We find from Table 1 that firms that undergo extreme BMR decreases have lower initial market capitalizations (consistent with firms increasing in market value as they experience a BMR decline) while firms with large BMR increases have higher initial market capitalizations.
BMR increases and decreases for the extreme BMR change groups are comparable in magnitude.
Order Imbalances, BMR Shifts, and Liquidity
Our model in Section 2 suggests that the trading patterns of traders with greater overconfidence are more likely to correlate with changes in BMR. Accordingly, based upon our theoretical framework, we analyze whether large or small traders are the more overconfident traders. Since we measure BMR changes over a 3-year horizon, we would like to see the trend in small and large order imbalances over this period. Panel A shows that although both large and small order imbalances show an increase for stocks 9 We experimented with different cutoffs, e.g., the 25 th and 75 th percentile, and the 33 rd and 67 th percentile, for the three BMR change groups, and found the central results to be qualitatively unaltered.
with BMR declines, the increase is steeper for small order imbalances. The picture for stocks which experience BMR increases is exactly the opposite for small order imbalances, which show a sharp decline over the period. Thus, stocks with BMR increases experience increasing intensity of net selling by small traders. Large order imbalances remain fairly stable.
In Panel D, we also plot the institutional ownership pattern over the 3-year period.
Section 13f institutional ownership data are obtained from Thomson Financial. Similar to the calculation of abnormal order imbalances, we calculate residual institutional ownership as the residual of the monthly cross-sectional regressions of the percentage institutional ownership on the market value of equity at the beginning of the month and membership in the S&P 500
index.
10 Panel D shows that institutional ownership follows a pattern opposite to that of small order imbalance, i.e., residual institutional ownership increases for stocks with BMR increases, and declines for stocks with BMR decreases.
In Table 2 , we regress monthly large and small abnormal order imbalance on a time variable which has been scaled such that it ranges from 0 to 1 over the 3 -year period. This regression yields a slope and an intercept coefficient for each stock for each year the BMR change is measured. Since the time variable is scaled between 0 and 1, the intercept represents the initial value of the imbalance, and intercept plus the slope coefficient represents the ending value. Table 2 presents the averages of these estimated coefficients. Similar to the trend we saw in Figure 1 , both large and small order imbalances increase for stocks experiencing BMR 10 Institutional ownership is observed at a quarterly resolution. However, we calculate monthly residual ownership to be consistent with our order imbalance data. The plots with quarterly observations are similar.
declines but the increase in small order imbalances is statistically higher than that for large order imbalances. For stocks that experience BMR increases, the small order imbalance declines significantly while the large order imbalance does not show a statistical change over the 3-year period. Table 3 formalizes the relationships observed between order imbalances and BMR changes. Each year we regress the 3-year change in BMR of particular stock on the intercept and slope coefficients for large and small order imbalances summarized in Table 2 . Table 3 shows that BMR changes are strongly negatively related to abnormal small order imbalances, indicating that stocks with BMR increases experience net selling by small traders.
In order to investigate further the microstructure of stocks experiencing BMR shifts, we examine if stocks undergoing large shifts in BMR are more or less liquid than others. The notion is that if the BMR shifts are primarily associated with the trading activity of agents who have mistaken perceptions, then stocks with extreme BMR shifts should be more liquid than others.
On the other hand, if the BMR shifts are associated with informed trading, then the liquidity of these stocks should be lower than others.
We compute quoted and effective bid-ask spreads (common liquidity proxies) for the stocks in our sample. The spreads are computed as averages on a daily basis, then averaged across days over the three-year period we consider. These spreads are then regressed on dummy variables representing BMR changes, using a two-way random effects specification for unbalanced panel data. The regression controls for the shifts to sixteenths and decimals by including dummy variables for the relevant time periods (the sixteenth dummy equals 1 from 1997 to 2000, and the decimal period dummy equals 1 after 2000.) Results appear in Table 4 .
As can be seen, there is no evidence that stocks experiencing extreme BMR changes are less liquid than those stocks that do not experience significant BMR changes. On the contrary, stocks with BMR increases have significantly lower quoted as well as effective spreads than stocks in the intermediate BMR change category, and the stocks that experience BMR declines.
Overall, market makers do not appear to view the extreme shifts as emanating from particularly informed agents, and in fact seem to view trading in stocks that experience BMR increases as particularly uninformed. Figure 1 and Table 2 also show that BMR increases are associated with net selling by small, individual investors. Our finding of lower spreads for these stocks suggests that the market-makers recognize the relative informational unsophistication of such investors.
The evidence thus far supports the notion that extreme BMR shifts are primarily associated with small order imbalances and not large ones. This is consistent with our intuition that it is the smaller (and presumably more naive investors) who overreact to extreme shifts in book/market ratios. We next turn to the return implications of this basic finding.
Predicting Returns
We now examine how cross-sectional return predictability from book-to-market ratios interacts with order flows. We use the technique of Daniel, Grinblatt, Titman, and Wermers (DGTW) (1997) and calculate excess returns relative to portfolios triple-sorted by size, BMR, and momentum (past twelve-month returns). As in Fama and French (1993) , we calculate the monthly returns (and excess returns) over the period ranging from July of year t to June of year t+1, corresponding to BMR changes calculated at the end of calendar year t-1. 11 In presenting our results, we first average cross-sectionally across all stocks for each month and then present the average across the 246 months in the sample for which the estimates can be calculated.
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Panel A of Table 5 presents the results of the effects of the interaction of large order imbalance and BMR changes on future average returns. For the overall sample, as well as for the three BMR change categories, we do not find that large order imbalance predicts future returns. The raw as well as the excess returns across the large order imbalance quintiles are similar and the difference between the returns of stocks that experience the highest large order 11 As per DGTW, we use 125 (5x5x5) portfolios for classification by the size, BMR, and momentum attributes, in that order. First, industry-adjusted BMRs are calculated using the 48 industry classifications available at http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. Then, each security is placed into one of these portfolios based on its size, book/market and momentum values and excess returns calculated relative to this portfolio's return. For the purposes of classification, size is calculated as of June of year t, BMR as of December of year t-1, and momentum as of the 12 months ending May of year t. This one-month gap in momentum (as compared to the month for the size calculation) avoids issues associated with bid-ask bounce and return reversals. 12 Since we calculate 3-year BMR changes and the first availability of transactions data is in 1983, the first year for which we can calculate all the relevant statistics is the end of calendar year 1985. The availability of CRSP and Compustat data limits our calculation of BMR changes at the other end to the end of year 2005, and the availability imbalance (quintile 5) is not statistically different from those that experience the lowest (quintile 1).
The results for future raw and excess returns by the interaction of BMR change and small order imbalance are more interesting. We further examine the predictability of future returns by the interactions of BMR change categories and small and large order imbalances using Fama-Macbeth regressions.
Specifically, for each month in July of year t to June of year t+1, we regress the returns on large and small abnormal imbalances interacted with dummies for the three BMR change categories calculated at the end of year t-1 used above. We also control for the level of the BMR at t-1.
Our results in Table 6 clearly show that small order imbalances in high BMR change stocks have a strong negative relationship with future returns supporting the univariate results in Table 5 .
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From the standpoint of economic significance, a change in the relevant interaction variable from zero to one causes a negative future excess return of -0.5% per month, which is substantive. There is some modest evidence that high BMR change stocks that are bought by large traders earn positive future excess returns, suggesting that these traders may have some private information. Overall, however, our most reliable finding is that BMR increases related to the imbalance of small traders tend to lead to return reversals.
To shed further light on the preceding conclusion, we more closely examine the imbalance patterns across the three groups sorted by BMR changes. Since it seems reasonable that small investors might not react appropriately to hard-to-assess information, we relate imbalances to the Daniel and Titman (2006) decomposition of BMR into tangible and intangible information. We cross-sectionally regress changes in adjusted imbalance over the 3 years (measured by the time-trend coefficients from Table 2 ) on tangible and intangible information components across the three BMR change groups. For completeness, we also regress adjusted changes in proportional institutional holdings on the two BMR components to ascertain if sophisticated agents take the other side of trades conducted by small traders. Results appear in Table 7 . We use Newey-West standard errors to control for serial correlation in the dependent variable, because of possible autocorrelation in order imbalances (Chordia, Roll, and Subrahmanyam, 2002) .
We find that for the high BMR change group, small trade imbalances bear a positive link with total return (measuring intangible information after controlling for the prior BMR and the book return) and a negative one with the book return (measuring tangible information over the three-year period). While large imbalances do not show a strong pattern, institutional holdings are negatively related to the intangible return. These results are consistent with the notion that 13 While Dichev (1998) and Griffin and Lemmon (2002) provide evidence that the BMR effect is not compensation for distress risk, we nonetheless examine the role of distress indicators used by these authors in our regressions. The indicators are the well-known measures known as the "z-score" (Altman (1968) ) and the "o-score" (Ohlson (1980) ). We find that including these indicators (as of year t-1 matched with returns for each month in July of year t to June of year t+1) and their interaction with order flows does not materially alter the behavior of the other coefficients in Table 6 , and the coefficients of the variables involving the indicators are insignificant. We also conduct two other robustness checks: 1) we confirm that our results are not driven by extremely low priced stocks by excluding stocks with prices below $1; and 2) we eliminate the possibility of the anomalies associated with returns during January influencing our results, by re-estimating the model for the remaining 11 months. In both cases, the results yield similar conclusions as those discussed above.
small investors respond strongly to intangible information. 14 Institutions are aware of this activity and take an opposing position, but limits to arbitrage do not completely eliminate the price reaction to the intangible component of BMR shifts (Daniel, Hirshleifer, Subrahmanyam, 2001 ), thus giving rise to the results in Table 6 .
Conclusion
What trading patterns accompany a stock's switch from "growth" to "value," or vice versa? How do these patterns influence return predictability in the cross-section? To shed light on these issues we consider order imbalances for stocks experiencing extreme changes in book/market ratios (BMRs).
We find that BMR shifts are more strongly related to small order imbalances than large ones, suggesting that these shifts are associated with the actions of the relatively unsophisticated small investors. Significantly, we also find that the interaction of small-trade order imbalances with book/market ratios plays an important role in predicting returns in the cross-section. Thus, greater net selling by small investors together with a large BMR increase is associated with stronger return predictability in the cross-section. We do not find a symmetric result for BMR decreases. This may be because BMR decreases imply overvaluation, which requires 14 Reaction to intangible information could also manifest itself in the Jegadeesh and Titman (1993) momentum effect. The DGTW (1997) approach already controls for this phenomenon. However, as additional controls, we included past return variables at lags ranging from two to twelve months as in Brennan, Chordia, and Subrahmanyam (1998) (i.e., RET2-3, RET4-6, RET7-9, and RET9-12; RET denoting return and the suffixes denoting the beginning and end of the compounding period in lags from the current month) in the regression of Table 6 and found that the results were qualitatively unaltered. Details are available from the authors.
short-selling to be corrected. The costs of short-sales may preclude the correction following BMR decreases from showing up in our analysis.
Our results suggest several opportunities for further investigation. First, it would be interesting to examine trading activity around specific economic events that lead to BMR shifts (such as extreme earnings surprises or other company-specific announcements). Second, it would be of interest to examine the role of trading activity in BMR shifts over horizons other than the three year horizon considered in our study. Third, it would also be of interest to study the behavior of specific institutions such as mutual funds and pension funds, as opposed to aggregate imbalances and aggregate holdings to ascertain exactly which agents' trades are instrumental in causing BMR shifts. Finally, our approach to examining order flow patterns could be expanded to studying price behavior around corporate events such as stock splits, repurchase announcements, and mergers and acquisitions in more depth. These and other related topics are left for future research.
Proof of Proposition 2:
For part 1, note that the expectation of the absolute value of a random variable is directly proportional to its standard deviation. Thus, it suffices to calculate the variance of each agent class' demand. The demand of agent i is given by Again, substituting for the various endogenous parameters, the above expression becomes
It can be seen that the covariance above will be negative if ci ν is sufficiently low relative to cj ν .
The intuition is that extreme overconfidence on the part of a class of agents (represented by a low ci ν ) causes the price to overshoot fundamentals by a considerable amount, causing a strong negative covariance between the book/market ratio and the agents' signed demand. Now, knowing the covariance between the agents' demand and the price, and the individual variances of the demand and the price, it is easy to calculate the squared correlation coefficient between the demand and the price. This squared correlation coefficient is given by 
The Sign of the Correlation Between the Order Flow and Future Returns:
The correlation between the demand of agent class i and the future return P − θ is given by 
Thus, the sign of the covariance depends on the sign of the numerator. It is evident that under overconfidence (wherein ci ν ν ε > ), the above covariance is positive so long as ci ν is high enough to be larger than cj ν , as asserted in the text. This table presents the results of monthly Fama-Macbeth regressions. The dependent variable is the either the monthly return, or the excess return for a particular month. Specifically, for each month in July of year t to June of year t+1, we regress the returns (or excess returns) on the independent variables calculated on the last day of year t-1. The coefficients from these monthly regressions are then averaged to calculate the statistics presented below. Excess return is calculated relative to the triple sorted portfolios based on size, Book-to-market ratios and momentum. The approach replicates that of Daniel, Grinblatt, Titman and Wermers (1997 
